A system for automated dust devil detection on Mars is developed based on images taken by the navigation camera aboard the Mars Exploration Rover, Spirit. This system enables us to pick up dust devils from the large number of images without checking each image visually and affords us a powerful tool for searching for dust devils and revealing their statistical properties for scientific studies. From an engineering point of view, the volume of dust devil image data to be downlinked to Earth for dust devil studies can also be drastically reduced by automated detection of dust devils because we can trim dust devil regions on the images onboard. A simple performance test using images taken on a particular sol shows that this system can detect almost all of the dust devils though also includes some false positives. Precision and recall are 0.85 and 0.81, respectively, which are comparable with or more effective than those in previous studies.
Introduction
Dust devils on Mars play a major part in maintaining the low (though higher than on Earth) background dust level in the atmosphere. 1) In particular, the atmospheric dust in the clear season (the northern summer) is considered to be primarily supplied by dust devils. Therefore, an understanding of the seasonality and regionality of dust devil activity and an estimation of the total amount of dust released by dust devils into the atmosphere are very important for studies of Martian meteorology and climatology.
Many dust devils have been observed by the previous landers, rovers, and orbiters on Mars. Mars Pathfinder observed many dust devils around the landing site, and the number, direction, estimated size, and opacity of dust devils have been summarized by Ref. 2) . A navigation camera aboard the Mars Exploration Rover (MER), Spirit also imaged many dust devils over three Martian years. Refs. 3) and 4) report the size, local time, and traversal speed distributions of dust devils and the interannual and seasonal variations of dust devil occurrence. In contrast, few dust devils were observed by MER, Opportunity. The Mars Science Laboratory (MSL) also detected few visible dust devils. However, the Rover Environmental Monitoring Station (REMS) and the Mastcam aboard MSL have revealed that many invisible convective vortices occur at the landing site; these are dust devils that cannot lift dust from the surface. 5) These observations and the theory of dust devil dynamics developed for terrestrial dust devils suggest that the number, size, lifetime, optical thickness, and frequency of dust devils depend heavily on atmospheric and surface conditions (temperature, surface albedo, thermal inertia, wind speed, surface roughness, atmospheric stability, season, latitude, etc.). In the case of Mars, the first step in quantitatively understanding dust supply by dust devils is to discover the correlation between dust devil activity and the atmospheric and surface conditions. Therefore, we need to extract dust devils from images obtained by the landers and rovers and investigate the atmospheric and surface conditions required for the observed dust devil activity. However, it is timeconsuming to extract dust devils from a vast number of images obtained at the Mars surface by checking the images visually, and thus we need a system by which we can obtain information on dust devils automatically.
At the same time, automation of dust devil detection has an important engineering benefit. The automation of dust devil detection and extraction allows us to drastically reduce the volume of data to be downlinked to the earth by clipping and sending detected dust devil areas. Refs. 6) and 7) describe the development of software that automatically extracts the scientifically important feature from among many candidates based on various criteria the scientist has specified in advance on the ground, thereby saving operation time and ensuring scientific results. Ref. 6 ) describes the development of "AEGIS," which extracts scientifically important rocks from a single image by automatically measuring the size, shape, and textures and pointing the instrument at the rocks. Ref. 7) developed an algorithm that automatically detects dust devils and clouds in several images obtained sequentially. However, their algorithm clearly overestimates the number of dust devils, and furthermore, they had difficulty evaluating the algorithm.
In this paper, we develop an algorithm for automatically detecting dust devils and storing information about their properties (the number, position, optical thickness, etc.). We focus on the extraction of dust devils from the many images already obtained by the previous rover for scientic purposes. In section 2, we describe the image data we use in this paper and preprocess for extraction of dust devils. In section 3, a detailed procedure for dust devil detection is described. In section 4, the algorithm developed in this paper is tested using Spirit/Navcam images and is shown to be effective in terms of some evaluation indices.
Data
We used 21 images (visible) acquired by the navigation cameras aboard the Spirit rover on Sol 0568 for this study (Table 1) .
All image data were ob- 
The details of the engineering cameras aboard MER are summarized by Ref. citenbib08, and the calibration technique for the navigation camera instruments is described by Ref. 9 . Although the images are stored in 16-bit integer format, we converted them to floating-point format using RadianceScalingFactor and RadianceOffset, included in each image's header. This enabled us to use images with a realistic radiance unit (W/m 2 /nm/sr).
Automated Dust Devil Detection

Overview
A system for automated dust devil extraction can enable scientists to automatically detect Martian dust devils on images without visually checking the images. When they begin their studies of Martian dust devils, researchers need to pick up dust devils individually from all images that have been obtained by the previous landers and rovers. Although a large number of dust devils have been observed around some landing sites, scientists must also look for dust devils in a much larger number of images. Such a manual search for dust devils is unrealistically timeconsuming. Our system enables us to extract dust devils without checking any images directly.
The system developed here performs four steps to detect dust devils. These steps are shown in Fig. 1 and are briefly described as follows.
• Subtraction from the background image. It is better to extract a dust devil from a difference image derived from an input image and another image obtained before the input image because a dust devil is usually obscured.
• Reversal of the sky in the difference image. In a difference image, the upper part of a dust devil above the horizon is scarcely distinguishable from the bottom part of another dust devil below the horizon as described in subsection 3.3 below. Therefore, we need to reverse the contrast of the sky in the difference image.
• Binarization. We need to binarize the difference image for dust devil detection. Note that it is difficult to automatically determine a suitable threshold value for brightness difference for the binarization.
• Post-proccessing. It is expected that the process described above will produce many false positives (e.g., shadows and tracks of dust devils that are included in the background image); we remove such false dust devils based on the aspect ratio and locations of detected dust devil regions. 
Subtraction from the background image
A dust devil can be optically thin and more obscure than rocks and surface patterns around it. Therefore, it is very difficult to distinguish dust devils from other surface features in a single image. Dust devils usually pass laterally in the camera's field of view. The surface materials, on the other hand, are approximately invariant temporally. Because of the difference between dust devils and the surface in the time scale of changes, an effective way to extract a dust devil is to use a difference image derived from an input image and another image (hereafter called the background image) obtained before the input image. In this study, we use an image taken just before the input image as the background image. Figure 2 gives an example, showing the difference image obtained when the input image is No. 8 from Table 1 and the background image is No. 7.
Reversal of the sky in the difference image
A dust devil is usually brighter than the ground surface and darker than the sky. Therefore, the upper part of dust devils above the horizon on the input image and those on the background image appear as negative and positive signals on the difference image, respectively (Fig. 2(c) ). In contrast, the bottom part of dust devils below the horizon on the input image and those on the background image appear as positive and negative signals on the difference image, respectively. This results in the false recognition of the upper part of a dust devil on the background image as a dust devil on the input image. In addition, the sky and the surface differ greatly in their brightness difference values in cases where the time interval between the two images is long. The sky may be indistinguishable from dust devils if we try to recognize dust devils based solely on brightness difference values. We therefore reverse the contrast of the sky in the difference image in order to display both parts of a dust devil on the sky and on the surface with the same sign.
In order to reverse the contrast of the sky in the difference image, we must first determine the horizon pixels. There is a large contrast in the y direction between the sky and the ground surface including mountains. We obtained an edge image from the average image among the 21 images shown in Table 1 by applying a Prewitt filter in the y direction and then regarding the pixel having the maximum edge value of each column as the horizon pixel for that column. If the horizon pixel of a column is five pixels or more from that in the column to the left, the horizon pixel of the column is regarded as being located in the same row as that of the column to the left. Next, the mode value of the brightness difference for the surface region is subtracted from that of the surface pixels in the difference image. Since most of the surface pixels correspond to clear areas rather than dust devils, dust devil features on the surface in the input and background images are displayed as positive and negative signals, respectively, in the image resulting from these processes. Then, the mode value of the brightness difference for the sky region is also subtracted from that of the sky pixels in the difference image; dust devil features on the sky in the input and background images are thus displayed as negative and positive signals, respectively. Finally, the sky pixels above the horizon pixels are multiplied by -1. Figure 3(a) shows the reversed difference image produced from Fig. 2(c) .
Binarization
Dust devils on the reversed difference image described in the previous subsection are usually tiny features. Therefore, many methods for automated binarization (e.g., Otsu's method) do not work well. Some type of filter that can extract morphological features is required for dust devil detection using the reversed difference image. However, since a vast number of noisy false positives is expected, simple morphological operations (e.g., erosion and dilation) are not appropriate. A dust devil in a reversed difference image should appear to be a cluster of bright pixels, and positive noise a few pixels in size will probably tend to be distributed homogeneously on the image. Therefore, if more than α % of pixels included in a small rectangular region whose center is at a current pixel is positive, the current pixel is set to 1. The size of the small rectangular region is 9 × 9 pixels, and the value of α is 70. 3.5. Post-processing: removing false positives and counting dust devils We may find that many tiny foreground pixels still remain around relatively large positive areas that correspond to dust devils, as in Fig. 3(b) . If we use this binarized image for label-ing and counting dust devils, we will find, erroneously, that a large number of dust devils occur and that most of the detected dust devils are extremely small. Therefore, after the binarization, we remove positive pixel areas having the width of a few pixels by using a 5×5 median filter. Further, the remaining positive pixels are removed or merged with each other by dilation and erosion. Finally, we label the dust devils sequentially. We first scan the binarized image pixel by pixel. For each foreground pixel:
We can find that many tiny fourground pixels still remain around relatively large positive areas which correspond to dust devils in Fig. 3(b) . If we use this binarized image for labeling and counting dust devils, we falsely recognize that the large number of dust devils occur and most of the detected dust devils are extremely small. Therefore, after the binarization, we remove positive pixels with the width of a few pixels by 5×5 median filter. Furthermore, the remaining positive pixels are removed or merged with each other by dilation and erosion. Finally, we label dust devils sequentially. We first scan the binarized image pixel to pixel. If the pixel is foreground, 1. If only one of its eight neighbors has a label, this label is copied to the current pixel. 2. If all of its neighbors have the same label, this label is copied. 3. If the neighbors have different labels, one label is copied, and these labels are marked as equivalent. 4. If there are no labeled neighbors, a new label is assigned to the current pixel.
We scan the labeled image and replace all equivalent labels with a common label. However, tracks and shadows of dust devils in the background image still remain as foreground regions in the binarized image. These features are usually elongated and thus have a small aspect ratio. The final step in the present algorithm is to remove those elongated features that have an aspect ratio less than 0.4. In addition, dust devils a few pixels in size in the lower part of an image, which is the area close to the camera, are unrealistically small in size (m). Therefore, any detected dust devil regions 20 pixels in width or height in the lowest third of the image are filled with 0s. Figure 3(c) displays the final binarized image obtained by the procedure described in this section. Table 1 shows a list of the Spirit/Navcam images used for this performance test and the observation start time for each. In Table 2 , the number of dust devils detected using the method described in section 3 is listed as well as the number of dust devils the second author detected visually. Counts of true positives (TP), false positives (FP), and false negatives (FN) were 35, 6, and 8, respectively, as shown in Table 2 . TP here is the number of dust devils that can be recognized visually and detected automatically. FP is the number of those that are unrecognized visually but detected automatically, and FN is the number of those that can be recognized visually but are not detected automatically. Precision p, recall r, and F-measure F were calculated as 
Results and Discussion
and are 0.85, 0.81, and 0.83, respectively. F-measure is the harmonic mean between precision and recall. Usually, algorithms with high precision give low recall and vice versa. We can't evaluate the performance of the algorithms correctly if we adopt either of precision and recall as an evaluation index. Therefore, the harmonic mean between precision and recall, F, is often used for the evaluation of detection algorithms. F remains relatively low if either precision or recall is low. One major reason for false positives is that fluctuations in the difference value around a dust devil near the camera, which is usually imaged as a large feature, are recognized as different dust devils distinct from the main body of the dust devil. Because these fluctuations in difference value are similar to noise, this kind of false positive may be removed by performing lowpass filtering prior to the binarization. A good example of this problem is seen in detection of dust devils on image No. 9 (Fig. 4) . Although true dust devils are included in detected areas, there are small false positives located to the immediate left of the detected area.
There are three reasons for false negatives, which for scientific purposes are more serious than false positives. In cases where a dust devil is small in pixels and optically thin, the dust devil is indistinguishable from noise and is removed as a result. In another type of case, a dust devil has an overlap with another dust devil "ghost" (Fig. 5) , which is a dust devil that appears in the background image and is recognized as a dark feature on the difference image. The dust devil to be detected is signicantly darkened in the difference image by the subtraction of the background image from the input image. Therefore, the dust devil cannot be detected as a bright feature in the difference values.
In the third type of case, multiple dust devils overlap each other on a single input image. In the example shown in Fig. 6 , two small dust devils (B and C) can not be detected separately from the large dust devil (A). In this case, the two dust devils are included in one detected region and are then recognized as a single dust devil. In other words, the dust devils that are not detected are not a "true" false negatives. If we regard these kinds of false negative as true positives in this study, the number of false negatives is only 3, and recall r improves to 0.92.
Conclusion
A system for automated detection of dust devils in images acquired by a camera aboard a Mars lander or rover has been developed. This system was tested on 21 images taken by the Spirit/Navcam on Sol 0568 (Table 1) . Precision, recall, and F values are 0.85, 0.81, and 0.83, respectively, at worst, comparable to those for the software described by Ref. 7) , which are 0.85, 0.96, and 0.90, respectively. Although the number of images used for this simple test is less than that used by Ref. 7) , our precision and recall results are promising because according to the definition of true positive used by Ref. 7), they scored solely based on whether or not the image contained dust devils (i.e., they did not require the locations of the dust devils to be correct). 7) Furthermore, two dust devils rarely overlap each other in the images. Therefore, the probability of false negatives of the type shown in Fig. 5 is very low; thus, the automated dust devil detection system developed in this study actually has performance higher than that indicated by the values of precision, recall, and F. However, the values of the three indices are lower than those used as standard evaluation criteria in other fields (e.g., machine vision, medical engineering, and pattern recognition). A high rate of false negatives leads to a loss of scientically important information on dust devils; a high rate of false positives leads to an increase in downlinked data volume and time to search for true dust devils among the many false dust devils for meteorological research. We need to further improve both precision and recall in practice.
